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List of abbreviations 
 
CRP: Calibration reflectance Panel 
CSI: Crop Senescence Index 
DAP: Days after planting 
GA: Green area 
GGA: Greener area  
LAI: Leaf area index 
NDVI: Normalized Difference vegetation index 
NIR: Near-infrared 
RGB: Red green blue 
RH: Relative humidity 
SIFT: Scale-invariant feature transform 
UAV: Unmanned aerial vehicle 
 GNDVI:  Green normalized difference vegetation index 
GRVI: Green red vegetation index 
MTCI: MERIS terrestrial chlorophyll index 
SAVI: Soil adjusted vegetation index 
EVI: Enhanced vegetation index 
NPCI: Normalized pigment chlorophyll ratio index  
CI: Chlorophyll index 








The world population is expected to grow up to 9.6 billion people by 2050 (Gerland et al, 2014). 
The population of sub-Saharan Africa alone is estimated to double between 2019 and 2050 (UN 
DESA, 2019) and food demand may not improve substantially between the period of 2010 and 
2050 (Keating et al, 2014). Therefore, more effort must be put into research into finding better 
ways to improve food production, especially in developing regions where the population relies on 
indigenous food crops like cassava (Manihot esculenta Crantz). There is the need to encourage 
local people in places that are vulnerable or susceptible to food insecurity to cultivate and rely on 
indigenous crops that are resilient in their climate and can withstand harsh conditions that climate 
change may bring about. One such crop is cassava. Cassava is a common food that is consumed 
by half a billion people in and around the tropical region of Africa, Latin America (Mabrouk, 
2003). Both leaves and root tubers of cassava are consumed as food (Lancaster and Brooks, 1983). 
A model on the consequence of climate on some tropical food crops showed that unlike crops like 
banana (Musa acuminata colla), cowpea (Vigna unguiculata), Sorghum, and potato (Solanum 
tuberosum) production which are likely to be negatively impacted by the effects of climate change 
in the year 2030, cassava showed very strong resilience and even could have a positive effect in 
some cases (Jarvis et al, 2012). Studies must therefore be conducted to identify optimum 
conditions for cassava production and to ascertain the effect of various soil nutrient levels on the 
crop.  
For farmers, especially those in developing countries, to maximize food production they should be 
able to easily determine the health and optimum condition of the crop in a way that is not expensive 
at any time throughout the planting period. The use of normal colored/RGB (red-green-blue) 
images (RGB camera images) can be a cheap way to analyze the plant conditions (Cambaza et al, 
2019).  
Considerable work has been done on using imaging tools to crop science but very little has focused 
on cassava (Okogbenin et al, 2013).  The overall aim is to study the effects of potassium 
fertilization and irrigation level on cassava growth and yield, as well as nutritive traits responses. 
The present study focuses on the use of imaging techniques to gather important data on cassava. It 





2. Literature Review 
2.1. Need for imaging in crop production 
 Phenotyping helps in identifying desirable characteristics for plant breeding and crop management 
(Ghanem et al, 2015). Traditional methods of determining plant characteristics like biomass 
usually involve cutting samples to weigh and dry (Samuelsson et al, 2006). These methods are 
destructive and hence can be done mostly only at harvest time. This reduces the timeliness and 
quantum of work that can be done (Araus et al, 2018). The use of imaging techniques can provide 
an avenue to study some characteristics and the effects of certain treatment in a non-destructive 
way that can also be scaled up to various levels (Cardim Ferreira Lima et al, 2020), hence can do 
at any stage of growth. 
 
2.2. Remote Sensing 
Remote sensing is the acquisition of information from a subject through data without being in 
contact with the subject (Lillesand 2012, Kiefer et al. 2015). Therefore, the most basic form of 
remote sensing is a visual observation with the eye. Data that can be remotely sensed include 
acoustic waves like sonar, force distribution like gravitational or magnetic forces, and 
electromagnetic energy like visible light and radio waves  (Lillesand et al. 2015).  For this study, 
the focus is on the use of imaging hence the collection of electromagnetic energy data.  
Using imaging in phenotyping and characteristic identification of plants involves the interaction 
of the substances that make up the plant and light energy, for example, blue and red light mostly 
absorbed by chlorophyll and green light is reflected by it (Li et al. 2014). Data on the different 
levels of reflectance of a subject in the various wavelengths of the electromagnetic spectrum is 
known as its reflectance signature/spectra. An example of a chart that shows the reflectance 






Figure 1. Generalized reflectance spectra/signature of various surfaces. NIR = Near-infrared 
SWIR=Short-wave infrared. (source: 
https://www.usna.edu/Users/oceano/pguth/md_help/html/ref_spectra.htm) 
 
Usually, remote sensing is executed by passively capturing reflectance data of solar radiation that 
hits the subject (Aggarwal 2004) to get the portion that is reflected or absorbed. But some sensors 
can measure the energy that is emitted by the subjects themselves, like heat from the earth itself, 
while other sensors actively emit the energy themselves and read the reflection that is bounced 
back from the subject  (Kerle et al. 2004). 
 
2.3. RGB Imaging  
A red-green-blue (RGB) image is a two-dimensional array of color pixels with each pixel 
corresponding to red (625–740 nm), green (500–565 nm), and blue (450–485 nm) components at 
a specific intensity (Alsultanny, 2010). RGB imaging has been used in the fields of agriculture, 
medicine, biology, etc. Formally, the agricultural application of imaging techniques was confined 
to images captured by techniques of remote sensing using satellites and/or aircraft and then 
processed and analyzed using computers. However, advancement in image capture and data 
processing have brought significant contributions to the advancement of different plant 
phenotyping aspects and hence provided solutions to various practical problems through the use 
of imaging techniques such as photometric feature-based imaging, fluorescence imaging, thermal 





which is a photometric feature-based technique has been used in recent times due to its dependency 
on the color variation of different biological samples, which replaced the human vision system. It 
is an affordable approach for analysis (Araus et al., 2018)  compared to other approaches. 
 
2.4. Multispectral Imaging and Image Analysis 
Multispectral imaging is the process used to observe an object by the use of selected ranges of 
wavelengths in the electromagnetic spectrum that includes and extends beyond the capabilities of 
the human eye (Dyer et al. 2013). This process requires the use of multispectral cameras that have 
sensors to capture images in the different ranges of the wavelength of the electromagnetic 
spectrum, also known as bands, some of which are documented in Table 1. Some of the bands of 
wavelengths that are usually used in multispectral imaging are x-ray (0.01−10nm), ultraviolet 
(10−400nm), visible light (400−700nm), near-infrared (700−3000nm), mid-infrared 
(3000−7000nm), and thermal infrared (7000−3x105nm)  (Norgard 2017).   
 
Multispectral imaging techniques can equip us with the ability to determine some physical 
properties like biomass, canopy cover, and leaf area index, as well as chemical properties of green 
vegetation like chlorophyll, nitrogen, cellulose, water, phosphorous, protein, amino acids, sugar, 
and starch (Pullanagari et al. 2012, Gao et al. 2013 and Curran et al. 2001). Multispectral data is 
collected and compiled in the different bands of the electromagnetic spectrum and used to compute 
for various vegetation indexes, which are then used to predict physiological and agronomic traits 














Table 1: Some commonly used multispectral cameras  










Sentera Inc, 2017 
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Table 2: Some common vegetation indexes. (R = the reflectance in the specified band). 





























Soil adjusted vegetation index (SAVI) (𝑅𝑁𝐼𝑅 − 𝑅𝑟𝑒𝑑)(1 + 𝐿)
𝑅𝑁𝐼𝑅 + 𝑅𝑟𝑒𝑑 + 𝐿
 
L = adjusted parameter 
Huete, 1988 
Enhanced vegetation index (EVI) 2.5(𝑅𝑁𝐼𝑅 − 𝑅𝑟𝑒𝑑)
𝑅𝑁𝐼𝑅 + 6𝑅𝑟𝑒𝑑 − 7.5𝑅𝑏𝑙𝑢𝑒 + 1
 
 
Huete et al., 
2002 






















2.5. Biomass Estimation 
The accumulation of biomass is a key trait in ecological practices, plant breeding, and agricultural 
improvement. It is a crucial indicator of the performance of the plant as well as the final product 





consuming, labor-intensive, and cannot be studied over time. Crop monitoring using non- 
destructive monitoring is however very important for agronomy and crop breeding (Brocks et al. 
2018). 
Remote sensing (digital image analysis) has therefore been adopted as a non-destructive method 
for estimations in various fields due to advancement in technology (Pullanagari et al. 2012, Easlon 
and Bloom 2014, Kefauver et al., 2017, Brocks et al 2018, Chen et al. 2018, Cambaza et al, 2019). 
Table 3 presents a compilation of some results of the use of imaging in biomass estimation.  
 
Table 3: Results from literature that shows the use of imaging in biomass estimation. 
Remarks  Source  
Normalized Difference Vegetation Index, Optimized Soil-Adjusted 
Vegetation Index, simple ratio, Green Red Vegetation Index, and Modified 
Simple Ratio show small differences in the effects of different treatment  
Cardim Ferreira 
Lima et al (2020) 
Crop surface model was able to predict plant heights using RGB images. 
They then used the plant height to estimate crop biomass with 61–72% 
accuracy of fresh and 39–68% of dry barley (Horedeum vulgare). 
Bendig et al. 
(2014) 
By applying a backscattering coefficient scale, better correlation of Ratio 
Vegetation Index (RVI), the Normalized Difference Vegetation Index 
(NDVI), and the Enhanced Vegetation Index (EVI) 
  Gao et al. 2013 
 
2.6. Leaf Area Estimation 
Estimating leaf area in a non-destructive, accurate, and rapid way is essential for plant 
physiological and ecological assessments (Easlon and Bloom, 2014). The older methods where the 
obstruction of light was used have been replaced by digital technology (cameras, scanners, image 
processing, etc). ImageJ and Easy Leaf Area are software developed to estimate leaf area (Rasband 
1997, Easlon and Bloom 2014). Both software have their pros and cons and have been used by 
several researchers. Whereas the ImageJ software, which is the commonest used, makes use of a 
threshold-based pixel count  (Gracia-Romero et al. 2017) the Easy leaf Area software combines 
thresholding, component analysis, and color ratios to estimate leaf area (Easlon et al. 2014). 
 
The orientation of leaves is important in leaf area measurements. Measuring the area of detached 
leaves can give a better estimate of the total leaf while capturing the area of leaves that are attached 





others (Smith, 1991). A compilation of some results of studies on leaf area estimation is presented 
in Table 4. 
 
Easy Leaf Area takes a few seconds to process individual images or several minutes to batch 
process hundreds of images to measure leaf area. The software was written in python and the 
output is stored in both spreadsheet-ready CSV files and lossless TIFF files (Easlon and Bloom, 
2014).   
 
Table 4: Some results on literature on leaf area estimation.  
Remarks  Source 
When leaf length and width of Niagara and DeChaunac grapevines were 
correlated with a computerized image processing system, a regression of 
above R2 = 0.90 was obtained. These single variable exponential models were 
generated: Area =0.637W1.995, R2=0.9821, and S.E.=10.58 for Niagara; and: 
area=0.672W1.963, R2=0.9632, S.E.=5.67 for DeChaunac. 
 Williams III, 
Martinson 2003 
In a study that assessed factors that affect the accuracy of using 3D lidar to 
estimate the leaf area density, the following factors were found to make the 
most effects:  
• Presence of non-photosynthetic tissues  
• The mean projection of a unit leaf area on a plane perpendicular to the 
direction of the laser beam 
• Number of incident laser beams in each region within the canopy 
• Distribution of leaf inclination angles  
Non-photosynthetic tissues and leaf inclination angle affected the leaf area 
estimate by 4.2–32.7% and 7.2–94.2%, respectively. 
  Hosoi 2007 
In a study where the use of Photoshop CS6 was assessed to determine leaf 
areas of local grapes, it was observed that the pixel values were able to 
estimate leaf area with an accuracy of about 99.96– 100.00%. 









The main objective of this study was to assess the usage of imaging in cassava production. In the 
experiment, the specific objectives are to: 
 
1. study the correlations between directly measured data and data obtained from images. 
2. ascertain if the data that was obtained from the images would be able to identify the 






4. Material and methods 
4.1. Experimental setup planting material 
The experiment was conducted in the greenhouse of the Viikki Plant Growth Facility of the 
University of Helsinki between January and November of 2018. It involved 3 indoor experiments 
using yellow cassava genotype “Mutura” (Kenya Agricultural and Livestock Research 
Organization (KALRO)). The growth conditions were set to day/night temperature of 27/17 °C, 
55% RH, 600 μmol m-2 s-1 photosynthetic photon flux density, and 12 hours day length which were 
maintained throughout the experiment.  
The experiment was set up as described by (Wasonga et. al. 2020). Cassava stem cuttings were 
grown in 5-liter pots and uniformly water for 30 days, after which there were randomly divided 
into three watering levels: full (100%), mild stress (60%), and severe stress (30%). Each irrigations 
treatment was further divided into 0.01mM, 1mM, 4mM, 16mM and 32 mM potassium (K) 
treatments. The different watering and K treatments were continually done every other day until 
90 days after planting (DAP). The treatment combinations had 4 replicates each in a complete 
randomized block design as shown in Figure 2.  





Figure 2. Photo that shows how the pots of 
cassava plants were setup in the greenhouse 
during the growing period. 
 
Figure 3. Multispectral camera being used to 
capture data in the greenhouse. The camera 
was connected to a drone for power and hang 
to the roof of the greenhouse by cables to 





RGB and multispectral image data were collected every fortnight (30, 45, 60, 75, and 90 DAP) 
during the treatment phase of the experiment. Every pot of cassava for all the treatments was 
captured. RGB data was captured with a Canon EOS 760D digital camera (Canon Inc, Ōta, Tokyo, 
Japan), shown in Figure 4, of the side view of the crops. The technical specifications of the camera 
are in Table 5. The RGB images were saved as JPEG files. The camera was placed at 1.4 m away 
from the plants. Two side-images of each plant was captured by rotating the plants 90 degrees after 
the first image capture. Multispectral data was captured with a MicaSense RedEdge™ 3 
Multispectral Camera (MicaSense Inc, Seattle, WA, USA), as seen in Table 1 image E, of the top 
view from 1.6 m from the base of the pots. The multispectral camera captured data in the following 
bands: blue (465−485 nm), green (550−570 nm), red (663−673 nm), near-infrared (820—860 nm), 
and red edge (712−723 nm). Multispectral images were saved in a monochromatic TIFF file format 
(Figure 6). All images were captured during clear days and greenhouse lights were switched off 
during those moments. The MicaSense multispectral camera was calibrated using the MicaSense 
calibrated reflectance panel (CRP). The reflectance of the various bands is computed by dividing 
the average reflectance from the CRP image by the average radiance from pixel values from the 
image being processed (MicaSense, 2019).   
 
 








Table 5. Technical specification of the RGB camera. 
Brand  Canon 
Model  EOS 760D 
Effective pixels 24.2 megapixels 
Sensor size:  22.3 x 14.9 mm 
Max. image resolution: 6000 x 4000 
ISO: Auto, 100 - 12800 
Max. shutter speed:  1/4000 sec 
 
4.3. Image processing 
4.3.1. Red-Green-Blue Images Processing 
The RGB images were analyzed with Easy leaf area (Ealson, 2014) to determine the leaf area. It 
is a free-to-use opensource software  (Easlon, 2014). It was used to calculate the leaf area from 
RGB images regardless of the camera distance. To compute the area of green leaves in an image, 
a red flat object, like a colored sheet of paper, with a known surface area was placed next to the 
plant as a calibration sheet. The software processes and distinguishes between the red pixels from 
the calibration sheet and the green pixels from the leaves. The green pixels in the image are taken 
as leaves (Figure 5). Caution was taken to ensure that the background of the image contains no 
other red or green objects lest it be taken as calibration or leaves which will reduce the accuracy 
of the results.  The software can automatically set an appropriate threshold for greenness to be able 
to capture all the green leaves in the picture but in instances where not all the leaves are captured, 
there are color threshold sliders to adjust the thresholds. The total leaf area is calculated with the 
equation  
total leaf area =  
green pixels
red pixels







Figure 5. The normal RGB photo (A) and the green area identified by the Easy Leaf Area software 
(B). 
 
Breedpix of the CIMMYT maize scanner plugin in Fiji ImageJ opensource software (Abràmoff et 
al. 2004) was used to analyze the characteristics of color to get RGB indices of the crops (Kefauver 
et al. 2017). The important indices that were collected are Green Area (GA) which is the fraction 
of the greenish pixels in the image; Greener Area (GGA) which is the fraction of deep green pixels 
in the image (Casadesús et al., 2007). This is then used to compute the Crop Senescence Index 
(CSI). The CSI gives a measure of active or healthy leaves in the images (ZamanAllah et al., 2015). 
Also, hue, saturation, and intensity were extracted from the RGB images using Breedpix 
(Casadesús et al., 2007). Saturation describes how pure the colors of an image are concerning 
greyness; hue refers to the average wavelength of light which is dominant, and intensity specifies 
how bright a color is  (Carper et al. 1990). 
CSI =100 * (
𝐺𝐴−𝐺𝐺𝐴
𝐺𝐴
)    (2) 
 
4.3.2. Multispectral image processing 
The multispectral images were used to determine the Normalized Difference Vegetation Index 
(NDVI) of the crops. NDVI was chosen because is the most commonly used vegetation index  
(Jiang et al. 2006) hence a good starting point for studying the use of imaging tools for cassava 





𝑁𝐷𝑉𝐼 =  
𝑅𝑁𝐼𝑅−𝑅𝑟𝑒𝑑
𝑅𝑁𝐼𝑅+𝑅𝑟𝑒𝑑
      (3) 
Where 𝑅𝑁𝐼𝑅 is the average reflectance in the near-infrared band and 𝑅𝑟𝑒𝑑 is average reflectance in 
the red portion of visible light of the electromagnetic spectrum (Carlson and Ripley, 1997). The 
images from the various bands as captured by the MicaSense multispectral camera were not 
perfectly aligned because the various lenses are not coaxial, instead, they are placed apart from 
each other. This creates images that are captured from angles and hence merging them showed a 
misalignment distortion. The Scale-invariant feature transform (SIFT) algorithm (Lindeberg 2012) 
was used to correct the misalignment of the images (Figure 7). The SIFT algorithm uses feature 
recognition to identify corresponding points in multiple images for various processing like 
aligning, merging, and creating mosaics (Lindeberg, 2012). Also, Fiji Image J software was used 
for processing the multispectral images. The image calculator tool in ImageJ was used to compute 
the NDVIs (Figure 8). And a threshold was used to mark out the area covered by only the cassava 
plant (Figure 9).  
   
 
Figure 6. A batch of multispectral images of one plant in their separate bands (blue, green, red, 







Figure 7. Shows before and after aligning the images with the SIFT algorithm. Initially, when 
the images in the various band were stacked on each other to perform the NDVI analysis, they 
were misaligned because the multispectral camera sensors are not coaxial. But after processing 
the images with the SIFT algorithm, they aligned quite well.  
 
 
Figure 8. Screenshot of NDVI calculation with image calculator in Fiji Image J. The image 
calculator is about to do only one operation at a time, hence the difference between the digital 
number values of near-infrared and red was computed, then their sum, and finally the former was 






 Figure 9. Selection of plant area using a threshold after NDVI calculation. The red portion shows 
the area which was detected by the ImageJ as leaves using the threshold. The average digital 
number of the selected region was recorded as the NDVI of the plant. 
 
4.4. Measurements and Data  
The multispectral images were taken in 16-bit greyscale. With each pixel having a digital number 
value of 0−65535. A pixel value of 0 means all radiation in that band was absorbed and 65535 
means all the radiation was reflected to the camera sensor. The multispectral image data was used 
for the computation of NDVI. The RGB images were captured in 24-bit color images. With each 
pixel having a component of red, green, and blue value. RGB images were used to compute for 
leaf area, GA, GGA, and CSI. Actual biomass was measured by weighing the stem, root, and 
leaves of the cassava plant at the end of the planting period. Chlorophyll content was measurement 
was done using an Apogee MC-100 meter (Apogee Instruments, Logan, UT, USA). The actual 
leaf area was measured using a portable leaf area meter (LI-3000; LI-COR, Lincoln, NE, USA). 
4.5. Statistical analysis 
Image data collected from the four experiments were combined after subjecting to contrast analysis 
for experimental differences.  A two-way analysis of variance (ANOVA) was performed on image 
parameters that had good significant correlations with the directly measured ones and where there 
were differences in the means were separated using Tukey test at P< 0.05 significance. Moreover, 
Pearson correlation analysis was conducted between the image-extracted data and the actual 





version 25 (IBM Corp., Armonk, NY, USA), OriginPro version 2020. Origin Corporation, 








5.1. Correlation of data from images with data directly measured from plants 
Strong positive associations were observed between parameters determined from the image data 
and the actual measured data, that is, chlorophyll content (CHL), whole plant biomass (WPB), and 
leaf area (LA). NDVI which was obtained from the multispectral images showed significant (p < 
0.01) positive correlations with WPB, CHL, and LA (Figure 10). Also, the computed leaf area 
from RGB images (LA_RGB) showed significant (p < 0.01) correlations with WPB, CHL, and 
LA (Figure 11). In contrast, Crop Senescence Index (CSI) showed negative correlations with all 
the directly measured parameters (Figure 12). Nonetheless, the green area (GA) and greener area 
(GGA) which were used to compute for CSI all showed good correlations with the growth 
parameters (Figure 13). Other color components like hue, saturation, and intensity showed no 
significant correlation with any of the measured parameters.  
 
Figure 10. Scatter diagram of the means of all treatments for NDVI against whole plant 
biomass p=0.001 (A), chlorophyll content p<0.001(B), and measured leaf area p=0.005 (C) 
of young cassava plants grown under deficit irrigation and potassium fertigation. The data 
from four separate experiments were combined and shown as means ± SE; n = 4 to 16 
replicate plants. r = correlation coefficient. 
 
 


























































Figure 11. Scatter diagram of the means of all treatments for RGB image leaf area against whole 
plant biomass p=0.005 (A), chlorophyll content p=0.008 (B), and measured leaf area p=0.007 
(C). The data from four separate experiments were combined and shown as means ± SE; n = 4 
to 16 replicate plants. r = correlation coefficient. 
 
Figure 12. Scatter diagram of the means of all treatments for crop senescence index (CSI) against 
whole plant biomass p=0.030 (A), chlorophyll content p=0.031 (B), and directly measured leaf 
area p=0.179 (C). CSI did not show any correlation with any of the directly measured 
parameters. The data from four separate experiments were combined and shown as means ± SE; 
n = 4 to 16 replicate plants. r = correlation coefficient 
 
 
 GA GGA  GA GGA  GA GGA 
r 0.800 0.798  0.823 0.798  0.665 0.625 
p 0.000 0.001  0.000 0.000  0.007 0.013 
Figure 13. Scatter diagram of the means of all treatments for GA and GGA against whole plant 
biomass (A), chlorophyll content (B), and actual measured leaf area (C). Both GA and GGA 
showed positive correlations with the directly measured parameter. A line of best fit through GA 
and GGA was almost parallel to each other. The data from four separate experiments were 






5.2. Comparison of means  
 
A plot of the leaf area data from the images showed that RGB imaging was able to detect the leaf 
area increases throughout the course of the experiment (Figure 14).  
 
 
Figure 14. Mean leaf areas obtained from all the RGB images at 30, 45, 60, 75, and 90 DAP. The 
data from four separate experiments were combined and shown as means ± SE; n = 4 to 16 replicate 
plants. 
 
A comparison of means analysis that of the leaf area computed from the images with respect to 
the watering and potassium treatments showed that with exception of 30 DAP, when treatment 
was begun, all the other days showed significant differences in means (Table 6). For watering the 
images observed that 60% and 100% watering levels were usually close to each other but were 
significantly different from 30% watering level. The image data was able to show that the different 
levels of potassium treatments were all mostly different from each other. For CSI, significant 








Table 6. ANOVA results showing the differences in the means of image leaf area by the 
watering and potassium treatment 
Treatment 
Image Leaf Area (m2) 
30 DAP 45 DAP 60 DAP 75 DAP 90 DAP 
Watering  30% 0.23 0.29 0.32 0.36 0.40 
  60% 0.23 0.31 0.38 0.43 0.49 
  100% 0.23 0.32 0.38 0.46 0.54 
  S.E.M 0.001 0.005 0.006 0.006 0.006 
        
Potassium  0.01 mM  0.23 0.25 0.27 0.31 0.35 
  1 mM  0.23 0.29 0.33 0.38 0.43 
  4 mM  0.23 0.33 0.38 0.44 0.50 
  16 mM  0.23 0.33 0.40 0.49 0.56 
  32 mM  0.23 0.34 0.42 0.48 0.54 
  S.E.M 0.001 0.007 0.008 0.008 0.008 
        
Watering x 
Potassium 
30% 0.01 mM 0.23 0.25 0.26 0.29 0.33 
  1 mM 0.23 0.25 0.28 0.31 0.34 
  4 mM 0.23 0.30 0.33 0.36 0.39 
  16 mM 0.23 0.33 0.39 0.45 0.51 
  32 mM 0.23 0.31 0.35 0.39 0.43 
 60% 0.01 mM 0.23 0.25 0.28 0.31 0.34 
  1 mM 0.23 0.30 0.35 0.39 0.43 
  4 mM 0.23 0.36 0.39 0.46 0.53 
  16 mM 0.23 0.32 0.43 0.50 0.57 
  32 mM 0.23 0.32 0.45 0.51 0.56 
 100% 0.01 mM 0.23 0.25 0.28 0.33 0.39 
  1 mM 0.23 0.31 0.36 0.43 0.51 
  4 mM 0.23 0.32 0.42 0.49 0.57 
  16 mM 0.23 0.34 0.38 0.51 0.61 
  32 mM 0.23 0.40 0.47 0.55 0.62 
  S.E.M. 0.002 0.012 0.014 0.014 0.014 
        
P-values 
 Watering 0.986 <0.001 <0.001 <0.001 <0.001 













Table 7. ANOVA results showing the differences in the means CSI by the watering and 





30 DAP 45 DAP 60 DAP 75 DAP 90 DAP 
Watering  30% 40.7 41.9 43.3 38.9 43.7 
  60% 39.8 27.3 35.6 37.9 39.1 
  100% 39.1 18.8 33.0 35.9 36.6 
  S.E.M 2.88 3.84 2.77 3.87 1.45 
  
      
Potassium  0.01 mM  39.9 29.8 36.3 39.9 48.1 
  1 mM  39.3 29.4 38.6 37.7 39.8 
  4 mM  39.1 22.8 34.4 37.9 37.8 
  16 mM  40.8 34.7 39.3 36.7 36.6 
  32 mM  40.2 29.9 37.8 35.6 36.8 
  S.E.M 3.72 4.96 3.58 4.99 1.88 
  
      
Watering x 
Potassium 
30% 0.01 mM 42.6 49.5 48.8 46.5 66.1 
  1 mM 37.3 39.9 43.4 37.0 44.8 
  4 mM 39.7 28.7 41.3 39.7 39.1 
  16 mM 42.6 48.2 44.4 35.7 34.2 
  32 mM 41.4 43.2 38.8 35.4 34.5 
 60% 0.01 mM 37.0 26.4 26.0 35.1 40.3 
  1 mM 42.8 27.1 39.1 40.1 38.4 
  4 mM 39.1 27.4 38.3 39.5 39.9 
  16 mM 41.2 24.9 34.9 37.0 36.9 
  32 mM 38.7 30.8 39.6 37.8 39.8 
 100% 0.01 mM 40.0 13.4 34.2 38.0 37.9 
  1 mM 37.9 21.4 33.2 36.2 36.2 
  4 mM 38.5 12.4 23.7 34.4 34.3 
  16 mM 38.7 31.2 38.6 37.4 38.7 
  32 mM 40.5 15.8 35.0 33.6 36.1 
  S.E.M. 6.44 8.60 6.20 8.65 3.25 
  
 
     
P-values 
 Watering 0.924 <0.001 0.026 0.859 0.003 












Irrigation and K treatments showed significant effects on NDVI, GA, GGA, and leaf area. Notably, 
the interaction effect was most evident at 90 DAP. 
Analysis of the variances in the means of the effects of the various treatment showed differences 
in the following parameters: NDVI (Figure 15), Green area (Figure 16), Greener Area (Figure 17), 




Figure 15. Comparison of means for NDVI. The data from four separate experiments were 




Figure 16. Comparison of means for Green Area (GA). The data from four separate experiments 








Figure 17. Comparison of means for the greener area (GGA). The data from four separate 











This study investigated the potential use of RGB and multispectral images in predicting the growth 
performance of young cassava grown under deficit watering and K fertigation in a greenhouse. As 
at the time of conducting this study not much of such study has been conducted.   
6.1. Leaf area 
The results show that the leaf area computed from the RGB images had a good correlation with 
the directly measured with a correlation coefficient greater than 0.6 (Kirk et al. 2009). It was 
however less than 0.8 which meant it was not a very strong correlation. This could be due to factors 
that affected the leaves that could be captured in the images like the color of leaves, and orientation 
of leaves relative to the camera  (Hosoi 2007) During some of the image capturing days, some 
plants had yellow or dead ones which were brown. These leaves could not be identified as leaves 
by the threshold set by Easy Leaf Area software as seen in Figure 23 (A). Also, because the images 
were taken while the plants were still young, more portions of the stems and petioles were still 
green and hence were identified by the software as leaves like the portion denoted as B in Figure 
19.   
 
Figure 19. Comparison of between an RGB image of cassava leaves and an image of the green 
areas that were identified by Easy Leaf Area software. It was observed that yellow leaves could 
not be captured by the green threshold (A). Also, other parts of the plant, other than leaves, that 






The leaf area extracted from the images also showed strong correlations with the measured biomass 
which is consistent with findings by Bartelink (1997). This was because the cassava plants with 
taller stems have more leaves growing on them hence a simple deduction could be made that leaf 
area and the biomass had a direct correlation. A similar experiment conducted on lettuce also found 
that non-destructive biomass estimation can be performed using digital images (Bumgarner et al. 
2012). The measured chlorophyll also had a good correlation with leaf area as observed by 
Wasonga et al. (2020). A further ANOVA analysis showed that leaf area from RGB images can 
be used to identify the differences in the effects of the treatments. 
6.2. NDVI 
NDVI correlated well with the empirically measured parameters, that is, chlorophyll, biomass, and 
leaf area. Several studies confirm that there is a correlation between remotely sensed vegetation 
indices and green variables like chlorophyll. Holben et al. (1980) reported that green leaf area 
index correlates with both infrared/red ratio and NDVI. Bell et al. (2004) also found that the NDVI 
is highly correlated with chlorophyll yield. As technology in remote sensing improved, Le Maire 
et al. (2008) also affirmed that with appropriate calibration, NDVI could be used to estimate 
chlorophyll content with high precision. These are consistent with the correlation output obtained 
from this experiment. This is due to the absorption and reflectance properties of leaves (Gates, 
1965).  
Wasonga et al. (2020), showed that watering and potassium treatments affected the 
health/greenness and growth of leaves. Healthy green leaves absorb more visible light and reflect 
more Near Infrared (NIR) radiation that falls on it whiles unhealthy leaves reflect more radiation 
of visible light than healthy ones and absorb more NIR that hits it (NASA Earth observatory, 
2000). From the mathematical formula to determine NDVI, (NIR – red) / (NIR + red), it means 
that the greater the NIR reflectance, the greater the NDVI. Similar to the outcome of this study, 
NDVI has been found to have a strong correlation with leaf area index and biomass of maize (Zea 
mays), soybean (Glycine max), and other plants like Arctophila fulva and Eriophorum 
angustifolium  (Nguy-Robertson et al. 2012, Goswami et al. 2015). A further ANOVA analysis 





6.3. CSI, GA, and GGA 
The Crop Senescence Index (CSI) had a weak correlation with the parameters of interest. Research 
on CSI is sometimes split on its usefulness. For instance,  Buchaillot et al. (2019) found that CSI 
has strong correlations with yield. On the other hand, Sancho-Adamson et al. (2019) observed that 
CSI was not able to be used to identify differences in compost treatment but GA and GGA were. 
GA and GGA had strong correlations with the directly measured properties. Even though CSI is 
computed from GA and GGA (equation 2), itself not having a good correlation with the measured 
parameter could be explained by the fact the line of best fit through the correlation diagrams of 
GA and GGA (Figure 15) were all almost parallel therefore the differences between them were all 
similar, hence no identifiable differences. 
6.4. Practical Usability 
Both multispectral and RGB cameras showed promising usefulness in estimating growth 
parameters of cassava but the former performed better than the latter. The NDVI that was 
computed from the multispectral images showed the best correlation with the growth parameters. 
Therefore, even though equipment that is needed to capture multispectral data is generally more 
expensive than that of RGB imaging, it is worth investing in. For instance, Iseki and Matsumoto 
(2019) used NDVI to create a model that predicted the shoot biomass of yam.  
Nonetheless, the RGB also proved to be quite useful if further studies are done to investigate errors 
and improve accuracy. For leaf area estimation, a simple RGB image taken with even a smartphone 
can be used. For instance, a non-destructive leaf area estimation of cassava can be performed by 
taking a picture of the plant with a red card of known area in the image close to the plant. Another 
application could be that leaves that are cut could be laid on a white background without each 
overlaying on another with a red sheet of known area, the leaf area could be easily calculated with 
just a single snap. 
6.5. Errors and sources of inaccuracies 
Some factors caused errors affected the accuracy of the data that were collected. First among these 
was the misalignment of the multispectral images due to the geometry of the sensors of the 
multispectral camera as experienced by Cardim Ferreira Lima (2020). Even though the SIFT 
algorithm did a phenomenal job in aligning the images, there were still some minute portions of 





and hence were not perfectly identical. This can be seen in Figure 7B. Also, because the images 
were taken in a greenhouse that had translucent walls, not all the solar radiation entered the 
greenhouse chambers hence reducing albedo. All the cameras, both multispectral and RGB, were 
passive, that is, they did not produce their own radiation (light), and hence required radiation sun 
to be bounced off from the plants to be captured. This means that any form of interference with 








The study was set out to study the usability of imaging in measuring the growth parameters of 
cassava. It was found out that images can play a key role in research and measurements of vital 
information in cassava cultivation. Leaf area can be computed using simple RGB images. The 
images could be taken even with most common smartphones if there is a reference area of known 
area in the image. On a large scale, ariel images of large plots could be used to compute for leaf 
area index if a patch of known surface area is placed on the field. This can be used to make good 
estimations of biomass. Also, NDVI is a good indicator of growth performance in young cassava 
plants. It can be used to predict chlorophyll content in leaves, leaf area, and biomass. CSI on the 
other hand is not a very good indicator of growth performance of young cassava plants, even 
though GA and GGA, which were used to compute CSI, were good indicators by themselves. 
There were however some drawbacks that further studies should investigate. For instance, the 
experiment was performed in a greenhouse which has its limitations in mimicking field conditions. 
Further studies should therefore be done on outdoor fields to mimic real-life conditions. Also, 
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